Abstract There are few proven therapies for heart failure with preserved ejection fraction (HFpEF). The lack of therapies, along with increased recognition of the disorder and its underlying pathophysiology, has led to the acknowledgement that HFpEF is heterogeneous and is not likely to respond to a onesize-fits-all approach. Thus, HFpEF is a prime candidate to benefit from a precision medicine approach. For this reason, we have assembled a compendium of papers on the topic of precision medicine in HFpEF in the Journal of Cardiovascular Translational Research. These papers cover a variety of topics relevant to precision medicine in HFpEF, including automated identification of HFpEF patients; machine learning, novel molecular approaches, genomics, and deep phenotyping of HFpEF; and clinical trial designs that can be used to advance precision medicine in HFpEF. In this introductory article, we provide an overview of precision medicine in HFpEF with the hope that the work described here and in the other papers in this special theme issue will stimulate investigators and clinicians to advance a more targeted approach to HFpEF classification and treatment.
Introduction
The field of precision medicine [1] promises to introduce greater personalization of treatments for heterogeneous clinical syndromes such as heart failure (HF). Although there is already rudimentary classification of HF that is used to target treatment in HF (e.g., HF with reduced ejection fraction [HFrEF] vs. HF with preserved ejection fraction [HFpEF] ), a true precision medicine approach to HF is currently in its infancy, and treatment of HFpEF and HFrEF patients is still based on a Bone-size-fits-all^ap-proach [2] . HFpEF is particularly challenging because it has proven to be highly heterogeneous and resistant to conventional therapies that have worked for HFrEF. Thus, HFpEF may be an ideal candidate for a precision medicine approach.
Although it seems clear that a more personalized, precision medicine approach to the treatment of the individual HF patient would be beneficial, the contemporary definitions of Bprecision medicine^are somewhat problematic. The National Institutes of Health (NIH) defines precision medicine as B…an emerging approach for disease treatment and prevention that takes into account individual variability in genes, environment, and lifestyle for each person^ [3] . While this statement is accurate, the current focus of precision medicine seems to be on the collection of -omics type Bbig data^(particularly genetic data) that will somehow result in the development of personalized therapeutics for patients [1] . Missing from these definitions of precision medicine is the central tenet that the reason to obtain big data is so that we can resolve heterogeneity by identifying patterns within the data that enable the identification of subtypes of patients within a particular disease or clinical syndrome or predicting response to therapy. The key to identification of these patterns is machine learning [4] .
Associate Editor Daniel P. Judge oversaw the review of this article Machine learning, which was developed within the fields of statistics and computer science over the last several decades, is focused on using computer algorithms to learn from data. In most instances, the ultimate goal of machine learning is to learn from existing data in order to make sense of new data. Machine learning is thus likely to be an essential and increasingly frequent part of the future of precision medicine.
In this special issue of the Journal of Cardiovascular Translational Research (JCTR), we have put together a compendium of original research and review articles on the topic of precision medicine in HFpEF that incorporates advances in automated patient identification, big data, and machine learning analytics [5] [6] [7] [8] [9] [10] . These papers cover a variety of topics relevant to precision medicine, including text mining and natural language processing to identify HFpEF patients [11] ; tensor factorization, a promising machine learning technique that can be applied to the field of HFpEF [10] ; molecular approaches to precision medicine in HFpEF (induced pluripotent stem cell-derived cardiomyocytes and microRNAs) [9] ; genome-wide characterization of molecular profiles of HFpEF [7] ; deep phenotyping of arterial hemodynamics in HFpEF [5, 6] ; phenomapping of hypertension to identify the myocardial substrate for HFpEF [8] ; and finally, innovative clinical trial designs that can be used to advance precision medicine in HFpEF [12] .
In this introductory paper, we provide an overview of precision medicine in HFpEF in order to set the stage for this special issue of JCTR. Here, we discuss the challenge of the HFpEF syndrome, provide an overview of machine learning as it applies to HFpEF, discuss three archetypes of HFpEF, briefly outline strategies for targeted treatment of HFpEF, and conclude with future directions for precision medicine in HFpEF.
The Challenge of HFpEF
Despite advances in our understanding of the diagnosis, pathophysiology, and treatment of HFpEF [13] , it remains one of the most challenging clinical syndromes in cardiovascular medicine for several reasons. First, HFpEF prevalence is increasing with the increasing age of the population and the epidemics of obesity, hypertension, and diabetes [14] . For instance, based on extrapolation of HF hospitalization trends from the Get With the Guidelines Heart Failure Study (2005) (2006) (2007) (2008) (2009) (2010) , by the year 2020, 50% of hospitalized HF patients in the USA will have an EF >50%, and 65% of hospitalized HF patients will have an EF >40% [15] . Given the general lack of proven therapies for patients with HF and EF >40%, this alarming trend constitutes a major public health problem. Second, HFpEF is associated with high morbidity. As shown in the TOPCAT trial participants, all of whom had chronic HFpEF, quality of life is very poor-worse than HFrEF and similar to that seen in end-stage renal disease patients on dialysis [16] . Furthermore, activity level is very low, similar to levels in moderate or greater chronic obstructive pulmonary disease [16] . Third, survival of HFpEF is poor, particularly after HF hospitalization. In one landmark HFpEF epidemiology study published in 2006, survival of both HFpEF and HFrEF was a dismal 35% at 5 years after HF hospitalization [17] . While subsequent studies have demonstrated higher mortality in HFrEF compared to HFpEF (likely due to different settings in which patients are enrolled-epidemiology studies vs. registries vs. clinical trials), regardless of comparison to HFrEF, mortality rates in HFpEF are quite high. Fourth, one of the most difficult problems in HFpEF is the presence of numerous pathophysiologic abnormalities in the heart and other organs [18] . Unlike HFrEF, in which neurohormonal activation is a central theme that dominates the pathophysiology after the initial myocardial insult, HFpEF patients can have highly variable underlying pathophysiologies that contribute to the heterogeneity of the syndrome [2] . Finally, results from large-scale clinical trials in HFpEF have been disappointing for the most part. Although phase 3 trials of spironolactone (TOPCAT) [19] Given all of these challenges in HFpEF, coupled with the heterogeneity of the HFpEF syndrome, we are in dire need of new approaches. Over the past 10-15 years, our understanding of HFpEF has evolved (Fig. 1) , which has helped us get closer to developing effective treatments for HFpEF patients [13, [25] [26] [27] . We now understand that HFpEF is not simply a clinical syndrome consisting of a small LV, significant concentric LV hypertrophy, normal EF, and diastolic dysfunction with reduced LV diastolic compliance. HFpEF is a multiorgan system disease that involves not only the heart but also the lungs, skeletal muscle, kidneys, and adipose tissue [18] . Hypertensive remodeling, sedentary lifestyle with poor fitness, ventricular and vascular stiffening, obesity and metabolic stress, and aging, coupled with widespread endothelial dysfunction in several organs, lead to a global loss in cardiac, skeletal, and peripheral reserve, which ultimately results in the HFpEF syndrome [27] .
In order to grapple with the multi-system nature of HFpEF and the challenges described above, one solution is the development of dedicated HFpEF clinical and research programs, as discussed in detail elsewhere [28] . The development of these specialized HFpEF programs enables the comprehensive study and care of HFpEF patients. Furthermore, as these programs care for large numbers of HFpEF patients, they can successfully categorize and treat patients across the phenotypic spectrum. Precision medicine in HFpEF starts with improved classification of these patients into therapeutically homogeneous patient subtypes. Table 1 demonstrates various published methods of classifying HFpEF [2, [29] [30] [31] [32] , most of which originated from centers that take care of a large number of HFpEF patients in a focused manner.
Machine Learning to Advance Precision Medicine in HFpEF
As mentioned above, machine learning methodologies are poised to help advance precision medicine in HFpEF [4] . Machine learning is not new, and it has already been applied successfully to several industries, but is only now beginning to be applied to health care. Machine learning is more likely to advance precision medicine compared to conventional statistical techniques because it is able to handle large amounts of data with complex interactions between variables. Machine learning can be broadly divided into supervised learning and unsupervised learning [4] .
Supervised machine learning is based on a defined outcome (i.e., Boutcomes^are labeled). At a basic level, the commonly used logistic regression and Cox regression analyses are forms of supervised machine learning. However, these types of regression analyses assume that variables are linearly associated with each other, and cannot simultaneously examine higher-order interactions among variables (e.g., phenotypes) within the dataset. Examples of supervised learning techniques include support vector machines and random forests. Unsupervised machine learning is based on intrinsic patterns in the data without prior knowledge of the outcome. Determining subtypes of HFpEF in a deeply phenotyped dataset is an example of unsupervised learning. Cluster analyses, such as hierarchical clustering, K-means clustering, and model-based clustering, are examples of unsupervised learning analyses.
Deep learning is a branch of machine learning that is increasing in popularity due to its ability to process highly nonlinear data that requires modeling of increasingly higher level of abstractions across multiple processing layers [33] . Deep learning is currently most often used to perform supervised learning tasks but can also be used for unsupervised learning. Examples of uses of deep learning in medicine include automated processing and diagnosis of medical images (e.g., skin photographs for dermatologic diagnoses [34] and retinal photographs for diagnosing diabetic retinopathy [35] ), and for making clinical predictions from large amounts of data from the electronic health record, a process that has been termed Bdeep patient^ [36] .
As mentioned above, the current focus on precision medicine is on -omics type data, particularly genomic data. However, the data that is used for machine learning can be of any type (e.g., -omics of any kind, environmental data, lifestyle data such as accelerometry, electronic health record data). Indeed, for many clinical syndromes, such as HFpEF, the genomic-centric approach may not be ideal. Besides being a complex clinical syndrome with multiple etiologies and pathophysiologies ( Fig. 1 The changing paradigm of HFpEF. Prior to the early 2000s, HFpEF was generally termed Bdiastolic heart failure^and was thought to involve a small left ventricle with significant left ventricular hypertrophy, with diastolic dysfunction the major pathophysiologic abnormality. However, beginning in the early 2000s, it became increasingly apparent that HFpEF was more complex, with multiple pathophysiologies, and multi-organ dysfunction, with obesity playing a major role. Thus, HFpEF is now viewed as a multi-faceted, multi-organ disorder that involves hypertensive remodeling, ventricular-vascular stiffening, obesity/metabolic stress, aging, and sedentary lifestyle, all leading to global loss of cardiac, vascular, and peripheral reserve, which are the hallmarks of HFpEF myocardial tissue) is not readily available; thus, large-scale gene expression analyses and tissue characterization of the heart and other organs are typically not possible. Thus, for many clinical syndromes such as HFpEF, we must leverage non-genetic data, coupled with machine learning, in order to resolve the heterogeneity of the HFpEF syndrome, which will hopefully allow for more targeted therapeutics. With improvements in phenotyping techniques, including imaging, proteomics, and metabolomics, we can take advantage of modern, big data analytics. We have shown in HFpEF that the combination of deep echocardiographic phenotyping with unsupervised model-based, clustering-based machine learning (i.e., Bphenomapping^[ Fig. 2] ) resulted in the detection of three mutually exclusive subcategories of HFpEF that differed greatly in their clinical characteristics, pathophysiology, and outcomes (Fig. 3) [32] . Pheno-group #1 patients had the lowest BNP, were the youngest, had the least abnormalities in cardiac structure and function, were obese, and had the best outcomes. Pheno-group #2 patients had higher BNP levels, had the worse LV relaxation (lowest e' velocity), and had the highest prevalence of diabetes and obesity. Pheno-group #3 patients had the highest prevalence of electrocardiographic abnormalities, RV dysfunction, pulmonary hypertension, and renal dysfunction, and these patients had the worst outcomes. made, patients would undergo physical examination, phlebotomy, electrocardiography, and echocardiography, with all of the resultant quantitative data entered into an algorithm and the pheno-group assigned, after which patients would be guided toward specific therapies and clinical trials. However, this approach would require systematic evaluation of the echocardiogram by a physician or technician with extensive expertise in quantitative echocardiographic analysis, as was done in the original HFpEF phenomapping study. Such an approach does not seem feasible for widespread adoption of phenomapping in HFpEF. Therefore, a more automated way to analyze echocardiograms from HFpEF patients is necessary.
Recently, as mentioned above, deep learning has been applied to medical images. Besides the published examples of deep learning for automated analysis of skin photographs and retinal photographs, there are currently ongoing studies of deep learning for radiology images. These techniques could also be applied to echocardiograms. Thus, in the future, deep learning and related techniques could be applied to echocardiograms to derive echocardiographic features (phenotypes), and these could be then combined with other data to more efficiently conduct the phenomapping of HFpEF patients and assign them to pheno-groups in order to determine the best treatment pathway and clinical trials (Fig. 4) .
The Three Archetypes of HFpEF
As shown in Fig. 1 , the understanding of HFpEF pathophysiology has evolved over the last 10-15 years. The emerging model of HFpEF implicates comorbidity-induced systemic inflammation in the pathogenesis of endothelial dysfunction, myocardial fibrosis, and cardiomyocyte stiffening (via abnormalities in titin, the large molecular spring within cardiomyocytes) [37] . Several investigators have shown the cyclic GMP-protein kinase G (cGMP-PKG) molecular signaling system to be very important in the pathogenesis of HFpEF, not only in the heart but also in other affected organs such as the lung, adipose tissue, skeletal muscle, and the kidney [3, [38] [39] [40] [41] [42] . However, even if deficiency of the cGMP-PKG signaling system is a dominant underlying cause of HFpEF, it is likely not the only one, and differential abnormalities of cGMP-PKG in various organs could account for the heterogeneity of the HFpEF syndrome. Thus, improved understanding of the various types of HFpEF is essential. In this section, we discuss the potential mechanisms underlying the three HFpEF archetypes identified in the HFpEF phenomapping study (Fig. 3) : the natriuretic peptide (NP) deficiency syndrome phenotype; the obesity-cardiometabolic phenotype; and the RV failure, cardiorenal phenotype. Fig. 4 Phenomapping in the clinic. In the future, phenomapping could be applied in the clinic, as described in the text. Patients diagnosed with HFpEF would undergo history, physical examination, laboratory testing, electrocardiography (ECG), and echocardiography. The echocardiography would be analyzed by deep learning techniques, and then, all of the data would be analyzed by statistical learning techniques after which pheno-groups would be assigned. Once the patient is assigned a pheno-group, they would be directed toward targeted therapies and clinical trials HFpEF Pheno-Group #1: Natriuretic Peptide Deficiency Syndrome Pheno-group #1 is characterized by low BNP. It is now clear, based on several studies, that BNP is below the range typically considered diagnostic of HF (e.g., BNP <100 pg/ml) in approximately 30% of patients with HFpEF [43] . There are several reasons why these patients may have a low BNP, but it is likely that an BNP deficiency syndrome^exists in many of these patients and could be a major underlying cause of their HFpEF syndrome. It is well known that obesity is a major cause of low BNP levels due to increased BNP clearance and reduced BNP production [44] [45] [46] . However, it is less well recognized that NPs stimulate browning of fat, thereby increasing the amount of healthy adipose tissue [3, 47] . Thus, a low NP level perpetuates itself by increasing the amount of metabolically deranged adipose tissue (which in turn leads to reduced NP levels for the reasons stated above). Furthermore, inability to generate NPs results in sodium retention and elevated blood pressure, both of which are major contributors to HFpEF. Obesity is not the only cause of the NP deficiency syndrome. Several other factors, including genetic polymorphisms in the NPPA and NPPB genes [48] , African ancestry [49] , insulin resistance [45] , increased androgens [50] , and possibly even increased activity of neprilysin, could all result in low levels of NPs, which contribute to and worsen the HFpEF syndrome, thereby potentially leading to a type of HFpEF consistent with pheno-group #1.
Pheno-group #1
There also appears to be a specific obesity HFpEF phenotype that is unique and different than other forms of HFpEF, and may be present in some pheno-group #1 patients. In a recent study by Obokata et al., obese HFpEF (body mass index (BMI) >35 kg/m 2 ), non-obese HFpEF, and controls underwent a detailed evaluation with plasma volume measurement, invasive hemodynamic testing at rest and during exercise, and echocardiography [51] . These investigators found that compared to non-obese HFpEF, obese HFpEF patients had lower BNP levels, greater plasma volume, increased total heart size, and higher right heart pressures compared to left heart pressures at rest and during exercise. In addition, obese HFpEF patients had increased epicardial fat and greater interventricular septal flattening resulting in greater eccentricity of the LV. These findings suggest that the increased plasma volume and greater central adiposity (including epicardial fat) create ventricular interdependence and pericardial restraint, which gives rise to the HFpEF syndrome in these obese patients.
In summary, pheno-group #1 may represent an NP deficiency syndrome phenotype of HFpEF. The NP deficiency results in the HFpEF syndrome and perpetuates it, and the lack of NP may require specialized treatment. Unfortunately, because these pheno-group #1 patients have low NP levels and elevated BMI, the diagnosis is often missed despite the frequent finding of very high LV filling pressures in these patients. Furthermore, these patients are often excluded from HFpEF clinical trials because their BMI is higher than the cutoff for inclusion into trials or NP levels are too low. Thus, pheno-group #1 patients represent a major unmet need in HFpEF in terms of both diagnosis and treatment. The exclusion of these types of patients can have major consequences. For example, in TOPCAT, the patients with the lowest NP levels were most likely to benefit from spironolactone [52] . In PARAGON, the ongoing phase 3 trial of sacubitril/ valsartan (an angiotensin receptor-neprilysin inhibitor), all patients are required to have an elevated N-terminal pro-BNP level, despite the fact that NP-deficient HFpEF patients could be the ones that benefit the most from inhibiting neprilysin, which breaks down BNP.
HFpEF Pheno-Group #2: Obesity-Cardiometabolic Phenotype Cardiometabolic disease, which encompasses systemic hypertension, obesity, insulin resistance (i.e., type 2 diabetes), and the metabolic syndrome, is increasingly common in the population and a major cause of HFpEF. In fact, one could view the HFpEF syndrome as Bcardiometabolic disease to the extreme.^Pheno-group #2 had the highest prevalence of diabetes in the HFpEF phenomapping study, and appeared to have more intrinsic myocardial dysfunction than phenogroup #1, with significantly reduced tissue Doppler e' velocities, which is indicative of severely impaired LV relaxation. We have previously shown that early in response to hypertension, cardiomyocytes develop T-tubule disruption, which correlates with abnormalities in cardiac mechanics identified by tissue Doppler and speckle-tracking strain analysis [53] . Ttubules are the passageways by which calcium shuttles around the cardiomyocytes, and are therefore essential to efficient cardiomyocyte calcium release and uptake, which underlies contraction and relaxation, respectively [54] . We hypothesize that pheno-group #2 patients have T-tubule disruption, which results in abnormal calcium handling within cardiomyocytes, which, in turn, leads to abnormal cardiac mechanics, particularly reduced e' velocity and longitudinal strain. Coupled with cardiac microvascular dysfunction, T-tubule disruption in response to stressors like hypertension could lead to significantly impaired subednocardial dysfunction, which results in abnormal longitudinal myocardial mechanics, thereby leading to the HFpEF syndrome. Central aortic stiffening also likely exacerbates HFpEF in pheno-group #2. As cardiomyocyte dysfunction worsens, peak systolic stress of the LVoccurs later in systole. Meanwhile, as the aorta stiffens, the reflected aortic pulse wave grows in magnitude and comes earlier in systole. These abnormalities likely combine to increase T-tubule disruption, thereby worsening cardiac mechanics and propagating the HFpEF syndrome [55] .
In summary, pheno-group #2 patients have an obesitycardiometabolic phenotype, which may lead to abnormal ventricular-arterial coupling and abnormal cardiac mechanics. Furthermore, the majority of pheno-group #2 patients have a very high BMI (>35 kg/m 2 ) and thus may also suffer from the obesity HFpEF phenotype described above. Based on the aforementioned pathophysiology, pheno-group #2 patients may respond best to drugs that target microvascular dysfunction or the cardiometabolic phenotype (e.g., SGLT-2 inhibitors [56] ) or even medical or surgical weight loss strategies. Theoretically, controlling blood pressure would also help these patients; however, thus far reducing blood pressure has not led to major improvements in outcomes in HFpEF patients based on trials of angiotensin receptor blockers and angiotensin converting enzyme inhibitors. In these HFpEF trials, blood pressure lowering occurred to a similar magnitude to hypertension trials, without the improvement in outcomes seen in the hypertension trials [25] .
HFpEF Pheno-Group #3: Right Ventricular Failure, Cardiorenal Phenotype
As shown in Fig. 2 , HFpEF patients in pheno-group #3 had the worst outcomes. These patients had an RV failure, cardiorenal phenotype. In HFpEF, chronic kidney disease (CKD) is associated with worse RV dysfunction and higher pulmonary artery (PA) pressures [57] , the causes of which are likely multi-factorial and bidirectional. First, CKD causes volume overload, increasing left atrial (LA) pressure and stress on the LA and pulmonary veins. These abnormalities, in turn, increase PA pressure over time, thereby leading to RV dysfunction. RV dysfunction can also lead to renal venous congestion, which would worsen renal function.
An additional intriguing pathophysiologic pathway may also be at play in the pathogenesis of pheno-group #3. Worsening renal function could lead to reduced clearance of phosphate, thereby leading to increased levels of the phosphaturic hormone FGF23 and secondary hyperparathyroidism, which may lead to increased levels of calcium and ectopic calcification of the pulmonary vessels. Indeed, in a canine study of CKD (via nephrectomy), PA pressures were higher and pulmonary vascular calcification was present, along with elevated levels of parathyroid hormone [58] . In the same study, pre-treating the dogs with parathyroidectomy prior to inducing CKD prevented the development of pulmonary hypertension. Thus, in pheno-group #3, ectopic calcification of the pulmonary vessels may occur in response to CKD, which could be an additional contributor to increased RV afterload with worsening RV dysfunction and right-sided HF.
In summary, RV dysfunction and renal dysfunction combine in a bidirectional pattern in HFpEF pheno-group #3, often leading to a downward spiral that leads to worse cardiovascular outcomes and death. Treatment of phenogroup #3 is quite challenging. These patients tend to have end-stage disease and therefore may not respond to treatments. In addition, although there have been trials of pulmonary vasodilators in HF (including HFpEF), right-sided heart failure is essentially ignored in HF clinical trials despite being a major unmet need.
Management of HFpEF in the Era of Precision Medicine
Management of HFpEF in the current era of precision medicine depends on accurate diagnosis and classification of these patients. Typically, once HFpEF is diagnosed, we must first exclude those patients with alternate causes of the HFpEF syndrome (e.g., constrictive pericarditis, high-output HF, severe valvular disease, HFrEF with recovered EF, and infiltrative and genetic cardiomyopathies), so that we can get to more common causes of the HFpEF syndrome. However, even after sorting HFpEF patients and focusing on common forms of HFpEF, treatment is challenging, and detailed treatment recommendations are beyond the scope of this review. Nevertheless, we have recently developed a phenotypespecific treatment paradigm that provides a BHFpEF treatment matrix^ (Fig. 5 ) that provides a starting point toward more personalized treatment for HFpEF [25] . In the HFpEF treatment matrix, phenotype-specific treatment of HFpEF is based on a combination of the predisposing risk factors and the type of clinical presentation. Additional published reviews have also outlined etiology-specific treatments that can be helpful in creating a more personalized approach to the management of HFpEF [59] .
The Future of Precision Medicine in HFpEF
What is required for the advancement of precision medicine in HFpEF? First, we need deeply phenotyped and curated data from large cohorts of patients with HFpEF, and these cohorts would ideally be phenotyped in multiple orthogonal domains. The development of these types of HFpEF cohorts will require dedicated HFpEF clinical and research programs [28] . In addition, large-scale identification of HFpEF patients for precision medicine studies will require novel ways of interrogating the electronic health record with techniques such as natural language processing [11] . Once HFpEF patients are identified, they can be further categorized using deep phenotyping registry studies and then directed toward the HFpEF clinical trial that matches best with their underlying pathophysiologic features. Figure 6 displays this type of framework with HFpEF registries and clinical trials that are currently being conducted in the Northwestern University HFpEF Program.
Although machine learning is likely to assist with the advancement of precision medicine in HFpEF, only properly executed machine learning studies will be useful. As mentioned above, at the heart of machine learning is training and validation. Thus, at the onset of a machine learning study design, investigators should also develop an external validation cohort. The machine learning algorithm(s) must first be trained and tuned (and internally validated) on one dataset; once the machine learning algorithm has been created, the next step is validating its utility and efficacy in a separate, external dataset. Furthermore, the machine learning approach should be shown to be superior to more conventional and simpler statistical techniques. Finally, once various subtypes of HFpEF are identified by machine learning, further studies should be conducted to determine the pathophysiologic and molecular differences among the HFpEF subtypes, and whether these subtypes respond differently to various therapies.
Conclusions
HFpEF is a major public health problem that is associated with high morbidity and mortality and few proven treatment options. Given the heterogeneity of the HFpEF syndrome, it is an ideal disorder to benefit from precision medicine. Highresolution phenotyping and analysis of genomics, proteomics, metabolomics, and environmental exposures, coupled with machine learning and patient-specific cellular models, holds great promise and is the focus of this issue of JCTR. While there is tremendous excitement for the role of precision medicine in HFpEF, we must remember to use the highest standards for conducting and interpreting precision medicine studies, and a healthy amount of skepticism for newer techniques and paradigms while continuing to push the field of HFpEF forward beyond conventional clinical and research strategies. Ultimately, although we have a long road ahead, our hope is that precision medicine will enable better, more targeted, and more efficacious treatments to ameliorate the challenging HFpEF syndrome.
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